Plants have significantly more transcription factor (TF) families than animals and fungi, and plant TF 20 families tend to contain more genes-these expansions are linked to adaptation to environmental 21 stressors (1, 2). Many TF family members bind to similar or identical sequence motifs, such as G-22 boxes (CACGTG), so it is difficult to predict regulatory relationships. We determine that the flanking 23 sequences near G-boxes help determine in vitro specificity, but that this is insufficient to predict the 24 transcription pattern of genes near G-boxes. Therefore, we construct a gene regulatory network that 25 identifies the set of bZIPs and bHLHs that are most predictive of the gene expression of genes 26 downstream of perfect G-boxes. This network accurately predicts transcriptional patterns and 27 reconstructs known regulatory subnetworks. Finally, we present Ara-BOX-cis (araboxcis.org), a 28 website that provides interactive visualisations of the G-box regulatory network, a useful resource for 29 generating predictions for gene regulatory relations.
partners. However, many of the G-boxes without strong bZIP binding in vitro are still bound by TFs in vivo, suggesting other factors might interact with bZIP TFs and influence their binding.
Sequences flanking G-box can predict whether bZIP homodimers are capable of binding to the sequence 121 In vitro bZIP TFs are able to distinguish between different perfect G-boxes, suggesting additional 122 information is present in the genomic context. We tested whether it is possible to predict bZIP binding 123 based on the sequences flanking the G-box (Fig 2A) . This has been shown to be a key feature of G-124 box binding in yeast and mammals (3, 19) , and even in plants there are specific examples of this--e.g.
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ABRE prefers a GC flank (44) . The G-boxes in binding pattern 1 have a slight preference for GA 126 flanks as shown by the depiction of the Position Weight Matrix (PWM) (Fig 2B) which is consistent 127 with earlier observations of certain bZIP preferences (45); however, there are many examples of G-gene. For instance, a TF may bind to a DNA sequence under many conditions, but the TF may only 155 be active/functional under specific conditions. The converse might also be true-a transiently bound 156 TF may still influence the gene expression of a nearby gene via the 'hit-and-run' mechanism (46) . In 157 our case, we've seen that many bZIPs are capable of binding to the same subset of G-boxes, yet it is 158 unlikely all these binding events are biologically relevant. There may be temporal or spatial 159 differences in the concentration of co-factors or in the chromatin near these G-boxes, and these 160 bZIPs have very different gene expression patterns from one another (Fig 3A) , so they may still 161 regulate different subsets of genes.
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We therefore constructed a gene regulatory network to determine the best set of bHLHs and bZIPs 163 able to predict the gene expression of our set of genes downstream of perfect G-boxes. Compared to 164 other co-expression networks, we would expect to see enrichment for direct TF-gene regulatory 165 interactions, since we have prior knowledge that these TFs have the potential to bind and regulate 166 this set of genes. The network was constructed based on a large set of RNA-seq time course data 167 summarised in Table S3 . These samples include Arabidopsis strains with loss of function mutations 168 and over-expressors of genes involved in the circadian clock (lux-4 and elf3-1--SRA:SUB1977196), 169 temperature and red light signalling (phyABCDE--SRA:PRJNA341458), histone remodelling (dek3,
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DEK3-OX, hos1-3, arp6-SRA:SUB2444423 and SUB2444427), and sugar processing (ss4-1-171 SRA:SUB2444427), as well as two wildtype strains (Col-0 and Ler-SRA:PRJNA341458 and 172 SUB1977196). In most cases, gene expression data was collected in at least two different 
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but is introduced later to help validate the network structure.
179
Clustering of the data revealed that almost all of the genes near G-boxes were expressed in a diurnal 180 gene expression pattern (see Fig 3B for Col-0 and Ler only and S5 for complete clustering). In 181 particular, there are two large clusters of genes that were most highly expressed in the late night and 182 dawn (light green and dark green) and another large cluster of genes that was expressed sharply an 183 hour after dawn (tan)-this rapid induction of gene expression at dawn is referred to as the "morning 184 peak" which has been conjectured to play a role in resetting the circadian clock in response to light 185 (47).
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From this extensive gene expression data, the network was inferred using an ensemble machine 187 learning approach, by averaging the rank of edges predicted from a random forest approach (Genie3 188 (37)), a regression approach (Tigress (38)), and a mutual information approach (CLR (39)) ( Fig S6) .
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Such a network inference strategy was shown to be particularly strong in a crowd-sourced network circles) restricted to a small inner circle (Fig 3C) . In order to further probe the core structure of the network, we visualised the TF-TF interactions in the network, drawing each TF as a pie chart TF directly regulates the other TF. In such a depiction, the day-night cycle structure of the network is 199 present, but less clearly visible. Instead, the most striking feature is that three strong clusters of 
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If there is a group of TFs that all have very similar expression patterns, then there is a high degree of 208 'redundant' information in that portion of the network. For example, since there is a substantial set of
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TFs that are part of the dawn cluster, these TFs convey 'redundant' information and there would be 210 many possible choices of TFs that could be used to accurately predict the expression of genes 211 expressed in the dawn peak. In order to quantify how much redundancy there is in the network, we 212 calculate how easy it is to predict the gene expression pattern of each gene near a G-box, using the 213 gene expression of a random subset of TFs as input (Fig S8-A) . As expected, the most predictable 214 gene expression profiles come from genes that are highly connected in the network (Fig S8-B) or that 215 are part of dense subnetworks representing night or at dawn (Fig S8-C) .
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The network can be used to predict gene expression patterns in a PHYTOCHROME S11) . Nevertheless, the ability of Ara-
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BOX-cis to successfully predict the metal homeostasis and phytohormone sub-networks 308 demonstrates that Ara-BOX-cis makes biologically relevant predictions.
309
There are many other conserved cis-regulatory boxes in Arabidopsis, such as C-boxes, W-boxes, and
310
Heat Shock Elements, and a similar approach of analysing DAP-seq data and generating regulatory 311 networks could be applied to these.
312
Understanding how plants regulate their genes is of profound importance. For instance, in the "Green
313
Revolution" of agriculture that saved millions of lives from famine, one of the key achievements was 
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There are four bZIPs which bind to G-boxes in the "binding pattern 1" cluster of Figure 1A that are 590 also expressed with TPM>1 in seedlings. They all have very different gene expression profiles. (B)
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Overall, most genes near G-boxes are expressed diurnally, and seven clusters were identified-the 592 labeled colors of these clusters will be used consistently throughout the remainder of the paper. (C)
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This network depicts predicted regulatory links between bHLHs/bZIPs and genes near G-boxes are 601 TFs whose expression profiles can be used to predict PYE expression 
